Comments: RevTeX, 18 pages, with 4 figures Subj-class: Biomolecules Simple coarse-grained models, such as the Gaussian Network Model, have been shown to capture some of the features of equilibrium protein dynamics. We extend this model by using atomic contacts to define residue interactions and introducing more than one interaction parameter between residues. We use B-factors from 98 ultra-high resolution X-ray crystal structures to optimize the interaction parameters. The average correlation between GNM fluctuation predictions and the B-factors is 0.64 for the data set, consistent with a previous large-scale study. By separating residue interactions into covalent and noncovalent, we achieve an average correlation of 0.74, and addition of ligands and cofactors further improves the correlation to 0.75. However, further separating the noncovalent interactions into nonpolar, polar, and mixed yields no significant improvement. The addition of simple chemical information results in better prediction quality without increasing the size of the coarse-grained model. Proteins reliably self-organize into specific shapes that are essential for their function. The coordinates that are reported as protein structures, however, are the average positions of an ensemble of fluctuating conformers that constitute the native state. It is becoming increasingly accepted that protein structures define specific types of motions that play important roles in protein function. The mechanism is rarely clear, however, owing in part to the difficulty of direct observation of protein motions. Crystals can be subjected to time-resolved experiments [1] , but the range of applications is limited to reactions that can be triggered by light or trapped by clever manipulations. NMR spectroscopy is can be used to determine both the structure and the dynamics of proteins [2] , but it is limited both by the maximum size of protein structures and by the difficulty of discrimination of slowly or quickly exchanging dynamics [3] . Mass spectrometry coupled with hydrogen/deuterium exchange and proteolysis has been used to determine changes in the relative solvent accessibility of amide hydrogens [4] , and single-molecule experiments using optical trapping have resulted in spectacular observations of the motion of motor proteins [5] . Overall, direct measurement of molecular motion remains laborious and limited.
Introduction Theory and Methods
The Gaussian Network Model (GNM) has been described in detail elsewhere [19] ; briefly, it defines a potential based on distance between Cα atoms. Residue pairs within a cutoff distance R c are connected by Hookean spring potentials ( Figure 1 ). The resulting Hessian, also known as the Kirchoff matrix, contains diagonal elements equal to the number of contacts for residue i, while the off-diagonal elements are -1 if there is a contact between residues i and j. If R ij is the distance between Cαs of residues i and j, then the Hessian matrix elements are defined as follows:
We modify and extend the Gaussian Network Model in two ways. First, we define residue contact based on the closest distance between nonhydrogen atoms of the two residues, instead of only considering Cα atoms. Thus, we use the positions of all atoms to determine the interaction potential at the residue level. Second, we introduce different classes of residue interactions, with distinct Hookean spring constants. If H a is the Kirchoff (contact) matrix for class a, the total Hessian matrix for the harmonic model is a linear combination of the matrices, with k a as the interaction constant for each class, for example:
The constants are determined by fitting predicted fluctuations against a data set of crystallographic B-factors, as described below. The total Hessian is then diagonalized to find the normal modes, or eigenvectors u i and the corresponding frequencies ω i : Hu i = ω 2 i u i . The decomposition allows us to compute both self-and cross-correlation of motion between residues from the covariance matrix, which is proportional to the pseudo-inverse of the Hessian [21] . Specifically, we are interested in the positional variances, or the mean square fluctuations of residues, which are determined as follows (∆x i is the deviation of position of residue i from the mean and u ij is the j-th element of the i-th normal mode):
Note that the modes with the lowest frequencies make the greatest contribution to residue mobility, so a small fraction of all the modes is sufficient to obtain a good approximation of the sum.
We used perl programs to parse PDB files and determine residue contact matrices based on atomic coordinates. To determine the optimal cutoff parameters, a range of Cα cutoff distances was used, from 6 to 12Å, similarly, nearest-atom cutoff distances were varied from 3.5 to 9Å. Copies of the protein molecule surrounding the structure in the crystal were generated using the symexp command in PyMOL [22] . In both GNM and CNM, the crystal environment was taken into account by adding interactions between residues involved in crystal contacts, without explicitly adding crystal copies to the matrix. Since the model does not contain directional information, this is a more precise approximation of the effect of the crystal lattice than explicit inclusion of the first layer of crystal neighbors. For the nearest-atom method, the interaction of atoms in more than position were counted proportional to their occupancy. The matrices were diagonalized using the MATLAB computing environment [23] . The predicted mean square fluctuations (MSF) were computed as a sum over all the normal modes as shown in equation 3, and then compared to a set of experimental B-factors.
The data set was obtained by searching the Protein Data Bank for protein structures determined by X-ray crystallography to at least 1.0Å resolution, containing at least 50 residues in a single chain. Structures with more than 50 % identity were discarded, leaving 98 non-redundant proteins. These are structurally diverse, representing all major SCOP families, as shown in the comprehensive table in Supplemental Materials. Isotropic Cα B-factors from each structure were normalized to mean 1, to enable simultaneous fitting over multiple structures. The B-factors from atoms with more than one conformer or occupancy less than 1 were not used for fitting or validation, due to the linkage between occupancy and the B-factor. The usable data set consists of 20942 B-factors. In addition, non-protein residues were considered for a subset of structures with ligands or cofactors other than those from crystallization buffers or precipitants. For the 68 structures with ligands or cofactors, separate calculations were performed with and without including the non-protein molecules in the model. Each molecule, whether large or a single metal ion, was considered as a single residue and included in the Hessian, but only the B-factors from protein residues were compared with the predictions.
We determine interaction constants that maximize the correlation between computed fluctuations and crystallographic B-factors. Since there is no analytic expression for the fluctuations as a function of the spring constants, standard gradient-based optimization techniques are not applicable, and we use parameter-space search methods. The first model consists of two classes of residue interactions: bonded and nonbonded. Because we test for correlation, scaling is immaterial, so the bonded parameter was set to 1, and only the nonbonded interaction constant was varied. We use a simple search over a range of values from 0.01 to 1 for the nonbonded constant.
We expand the model to include further chemical categories, specifically polar interactions, nonpolar interactions, and those that do not fall in either category. These were defined by the types of the nearest atoms for a residue pair. Nitrogens or oxygens less than 3.3Å apart were classified as a polar contact. The cutoff distance for the other two categories were varied from 3.5Å to 9Å: the nonpolar category, which is defined as two carbon atoms, with the exception of backbone carbons and certain charged carbons, such as those in carboxyl groups, and the mixed category, which included any other atom pairs. To find the maximum correlation by varying the three parameters we utilized a standard parameter space method, called the simplex algorithm [24] . It involves evolving a polygonal region (simplex) in parameter space in an effort to enclose the optimal point. The algorithm was implemented in MATLAB and applied to three training sets of 15 structures, while the remaining 53 structures served as a test set for unbiased assessment of the optimized parameters.
Results
The Gaussian Network Model represents all residue interactions within a cutoff distance between Cα atoms as identical harmonic potentials. We introduce two modifications to the model to better represent the chemistry of residue interactions. First, interaction types are separated into classes with different strengths, or spring constants, to model the diversity of residue interactions in protein structures. Second, inter-residue contacts are defined by the closest distance between atom pairs, rather than the distance between Cα atoms. Figure 2 demonstrates how a Cα distance cutoff of 7.3Å can miss a strong ring-stacking interaction, but may include a weak contact instead. While all atoms are considered in determining residue interactions, the size of the Hessian matrix produced by the model is equal to the number of residues in the structure, as in GNM.
The results demonstrate that a combination of the two modifications results in significantly larger improvement than either one alone. Tables I and II show the results for Cα distance cutoff and the nearest-atom distance cutoff, respectively. Average correlations over the entire data set were computed for a range of cutoff distances and a number of nonbonded interaction constants. Cα distance method benefits from separation of interaction types, especially for the larger cutoff distances, in which large numbers of contacts are included. The improvement is greatest for the combination of nearest-atom cutoff of 4Å and the nonbonded parameter of 0.1, giving an average correlation of 0.743. This is significantly higher than the best GNM prediction of 0.643, at Cα cutoff of 7.5Å. The improvement is seen in almost every structure, listed in Supplemental Materials. Thus, the combination of the two modifications, termed the Chemical Network Model (CNM), improves the prediction power by 10%. The GNM results are consistent with an earlier large-scale study [20] , which found an average correlation of 0.66 at cutoff of 7.3Å. As in that work, crystal contacts were included in the models, as described in Methods, and resulted in significantly improved agreement (data not shown).
In both GNM and CNM results, there is considerable variation in fluctuation prediction over different structures. One hypothesis is that the elastic network models are best suited for dense, globular structures, and are less accurate for sparsely packed residues on protein surface [25] . Table III presents a breakdown of results for structures with different fraction of surface residues, defined as those with less than 3 nonbonded contacts in CNM. We see that structures with the lowest and highest fraction of surface residues show significantly lower average correlations in GNM and CNM. Contrary to expectation, the structures with the lowest fraction of surface residues have the worst predictions in both models, but also show the greatest improvement from GNM to CNM (from 0.49 to 0.64). The average correlation is also significantly lower in the set with the highest surface fraction, and the standard deviation of prediction quality is also higher in the high and low surface fraction sets. Figure 3 illustrates the variability of model agreement with plots of normalized fluctuation profiles and the B-factors for the two structures with the best and the worst correlation with CNM predictions. PDB structure 1J0P, with CNM correlation of 0.46, is a small bacterial cytochrome C3 with 4 embedded hemes, and due to this has the inordinately high fraction of surface residues of 0.31. On the other hand, the best prediction is seen in PDB ID 2BW4, with CNM correlation at 0.9 This is a nitrite reductase that has a well-packed globular fold, with the exception of a long C-terminal tail that is packed by crystal contacts, with overall surface fraction of 0.10. In addition, we observe a positive effect of larger protein size on prediction quality for both methods, as shown in table IV.
We extend the classification of residue interactions by separating the nonbonded category into polar, nonpolar, and mixed. Separate Kirchoff matrices were computed for each category, and optimal interaction constants for each were found by the simplex method, as described in Methods. 3 training sets of 15 structures were used for optimization, and fluctuation predictions were computing using the optimal parameter sets, and compared on a separate test set of 53 residues; the results are shown in Table V . Although some improvement can be seen from optimization on the test sets, and larger improvement can be seen in individual structures (data not shown), the correlation over the reference set using the optimized parameters is lower than that with all the nonbonded parameters set to 0.1. The increase in correlation in individual sets is only a result of fitting imperfections of the coarse-grained model for particular structures, not evidence of general differences in interaction strength. Thus, there is not a sufficient distinction in the different types of interactions to warrant including them as separate categories.
Several other factors were considered in order to further improve the prediction quality. The presence of cofactors or ligands in the crystal structures can affect the mobility of the neighboring residues. The results presented above omitted the non-protein residues, and when the subset of structures with ligands or cofactors is compared to those without, the group without non-protein residues has a slightly higher average correlation. Addition of cofactors and ligands, as described in Methods, improves the average correlation for the ligand-containing group from 0.740 to 0.748, similar to the value of 0.749 for the ligand-free group. Thus, the consideration of non-protein residues results in a small but measurable improvement in mobility prediction. It also behooves us briefly to report the modifications of the model that either yielded no improvement or were detrimental to the prediction quality. They include making the interaction between residues proportional to the number of atom pairs within interaction range, adding massweighting to the Hessian matrix, and introducing a new interaction category for residues within the same secondary structure element.
The lowest-frequency normal modes and their eigenvalues from GNM and CNM were compared. Figure 4 shows the mean dot product between corresponding normal modes and the ratio of the eigenvalues, normalized to the lowest value. We see that the lowest-frequency modes are quite similar, but progressively diverge at higher frequencies, with little similarity remaining by normal mode 10. This demonstrates that the two methods share an overall gross structure, which is reflected in the lowest-frequency modes, but the details of contact selection and interaction strengths play a greater role at higher frequencies. Still, the differences are not negligible, and the improved predictive power of CNM suggests that its normal modes are more accurate, as well.
Discussion
Simple models of complex systems serve at least two purposes. Practically, they offer efficient computation, enabling approximate treatment of objects that are beyond the current computational capabilities of more realistic methods. For instance, the dynamics of large macromolecular assemblies are still prohibitively expensive to be treated by allatom molecular dynamics. Coarse-grained potentials provide an opportunity to quantitatively study systems such as viral capsids [26] and the ribosome [27] , which play critical biological roles. The second advantage of simple modeling is that it sharpens our understanding. Beginning with the most basic assumptions and gradually adding details, one can arrive at a minimal set of key variables that describe an opaque reality. This was the approach taken by this study.
The Gaussian Network Model has been successful at predicting the features of collective protein motions, as evidenced by comparison of fluctuation profiles with crystal B-factors and NMR relaxation data [28] , as well as by prediction of conformational changes from low-frequency normal modes [29] . A previous large-scale study [20] has systematically assessed its agreement with crystal B-factors, finding an average correlation of 0.66, while a rigid-body model obtained a correlation of 0.52. This provided clear evidence that the contact topology of protein structures plays a key role in determining the near-native dynamics. However, there is room for improvement of the correlation coefficient, and this motivated our chemistry-based coarse-grained model of protein dynamics.
The Chemical Network Model rests on the assumption that atomic contacts are the primary means of inter-residue interaction. We construct the Hessian matrix at the residue level from atomic information present in crystal structures. Further, we divide the interactions into classes, first into bonded and nonbonded, and then split the nonbonded category. Simplified residue-level forcefields which distinguish different interaction types have been proposed before, ranging from Go-like models for studying folding pathways [30, 31] to amino-acid specific potential of Miyazawa and Jernigan [32] . In contrast, our model applies to vibrational fluctuations in the native state, and is distinguished from these models by its simplicity and the systematic comparison against a large data set of reliable measurements of protein mobility. Similar modifications of elastic network models were reported very recently: one that strengthened the bonded interactions in GNM to match the predictions of all-atom normal mode analysis [33] , and another [34] which divided interactions into several types ranging from disulfide bonds to van der Waals contacts to construct an extension of the anisotropic version of GNM, known as ANM [35] . However, the first study uses a Cα-cutoff potential, and we demonstrated that the combination of nearest-atom contact potential and different interaction strengths leads to further improvement. The second study did not justify the values of parameters chosen for the different interaction types. Finally, both use only a few examples rather than a large data set to validate their models.
Our results show that the nearest-atom contact potential coupled with differentiation of bonded and nonbonded interactions leads to a synergistic improvement of mobility prediction. The nearest-atom contact potential adds some contacts missed by GNM, yet excludes other GNM interactions. On average, there are fewer residue contacts in CNM with the nearest-atom cutoff of 4Å than in GNM with the optimal cutoff of 7.5Å. The improvement of contact selection is apparently counterbalanced by a reduction in contact density, which may be why nearest-atom contact potential alone has no significant effect on prediction quality. The introduction of bonded and nonbonded constants modifies the relative density of contacts to better match the observed residue mobility. We also observe that both GNM and CNM work best for typical globular structures, and those with very high or very low fraction of surface residues show substantially lower prediction quality. This may also explain why larger proteins tend to show better prediction, since the surface fraction is more stable, and illustrates the suitability of coarse-grained modeling for large macromolecular assemblies.
Classifying the nonbonded interactions into polar, nonpolar, and mixed, did not yield improvement in an unbiased comparison with a reference set of 53 structures. The correlation coefficient is relatively insensitive to changes in the interaction parameters: an order of magnitude change between bonded and nonbonded parameters was required to achieve a 10% improvement in average correlation, and smaller tune-ups of the nonbonded parameters have no significant effect. Although optimization produces substantial improvement in individual structures (data not presented), these optimizations are apparently not applicable across a wide array of structures.
The failure of the more complex model illustrates both the strengths and the limitations of the coarse-grained elastic network model. Addition of simple chemical information, together with consideration of crystal contacts and co-crystallized ligands and cofactors produces the average correlation of 75% with experimental data, with even better agreement for larger structures. This is solid quantitative predictive power for a model at the residue level, and better agreement probably requires detailed atomic modeling. The coarseness of the model also leads to its limitation: addition of more information is washed out due to the scale. This suggests that this class of models is unsuitable for addressing some important questions, such as the effect of mutations on protein motion [36] , which sometimes have a direct functional link [37] .
Prediction of observed fluctuations is only a means of validating the model, not a goal in itself. While computation of average positional deviation is sometimes useful, the most promising applications of harmonic models have been the use of low-frequency modes to study persistent collective motions in protein structures. This information has been used for prediction of mechanisms of functionally significant motions [10, 38, 39] or in quantifying allosteric interaction between distant parts of a protein structure [40] . Normal modes have enable the improvement of crystallographic structure determination by molecular refinement [41] , the refinement of low-resolution structures of large assemblies [42, 43] . Coarse-grained normal modes are also useful in analyzing the large numbers of newly determined structures, for instance in the prediction of active sites [44] , automated decomposition of protein structures into domains [45] , and a determination of networks of residues involved in key conformational changes [46] . While CNM and GNM predict similar lowest-frequency modes, the improvement in fluctuation prediction suggests that the changes in the modes are significant, and may provide more accurate prediction of collective motions, especially for large protein structures and assemblies.
Conclusion
We have extended GNM by constructing the Hessian contact matrix based on atomic contacts, and separating residue interactions into bonded and nonbonded. The resulting Chemical Network Model shows considerable improvement of the prediction of crystallographic B-factors, giving 75% average correlation on a data set of 98 ultra-high resolution structures. However, further separation of nonbonded interactions into polar, nonpolar, and mixed, did not yield any improvement in correlation coefficient. We have improved the residue-level elastic network model without increasing the computational cost, and found an appropriate level of complexity for the application. 
